The judges evaluated the submissions for the McMaster University High-Throughput Data-Mining and Docking Competition based on 3 criteria: identification of active compounds, percent enrichment, and overview of the competition. Using these metrics, 4 of the participating groups found meaningful enrichment, and 3 groups made perceptive comments about the general nature of the competition. (Journal of Biomolecular Screening 2005:649-652) 
INTRODUCTION
T HE STATED OBJECTIVE of the McMaster University High-Throughput Data-Mining and Docking Competition was for computational chemists and data analysts to predict the results of a high-throughput screening (HTS) experiment. The collected predictions were to then enable assessment of the utility of computational approaches to identify compounds for follow-on screening. The protocol called for a single target, Escherichia coli dihydrofolate reductase (DHFR), and 2 small-molecule libraries to be screened: a training set whose results would be given to the investigators and a test set that would be predicted blind. The computational groups were asked to rank-order test set compounds or otherwise indicate those compounds thought to be active.
Blind tests, in which investigators are asked to predict an unknown outcome, have a long history in science and play an important role in the advancement of methods. They are more powerful than a posteriori rationalization because of their potential to expose random and systematic errors in both computations and experiments. Such initiatives are especially useful if they provide a forum for the evaluation and comparison of different types of computational approaches.
DHFR catalyzes the NADPH-dependent reduction of 7,8dihydrofolate (DHF) into 5,6,7,8-tetrahydrofolate (THF). Because THF is essential for the biosynthesis of purines, pyrimidines, and several amino acids, DHFR is an established drug target for the treatment of bacterial infections, cancer, and malaria. [1] [2] [3] In pre-vious work, Zolli-Juran et al. 4 identified 32 hit compounds-12 of which were found to be competitive inhibitors-out of a diverse library of 50,000. For the contest, the participants were given a 3dimensional structure for each compound in this library (training set) along with the measured levels of inhibition. They were free to use these data to validate their methods or to develop predictive models of DHFR inhibition. Each group was also given coordinates for a second, chemically diverse library (test set), but the experimental results were withheld. Once the competitors submitted their results and the judges completed their evaluation, the measured levels of inhibition for the test set were released ( Fig. 1 ). 5 The design of this competition has some similarity to the Critical Assessment of Techniques for Protein Structure Prediction (CASP) competition, a biennial effort in which competitors predict the 3-dimensional structures of proteins from their amino acid sequences. [6] [7] [8] [9] [10] Here also, the experimental structures are withheld until after the entries are submitted, and predictions are judged using a variety of structure-based metrics. A protein-protein docking competition, Critical Assessment of Predicted Interactions (CAPRI), in which participants are asked to predict the mode of association of 2 proteins based on their 3-dimensional structures, has also been established. [11] [12] Competitions such as CASP and CAPRI have had significant impacts on their fields by setting standards that allow direct comparison of different computational methodologies. In the spirit of these efforts, it was our hope that a welldesigned screening contest would illuminate and perhaps improve the computational and experimental aspects of HTS technology.
EVALUATING THE ENTRIES
There was considerable interest in the computational community, yielding a total of 32 independent submissions spanning a wide variety of approaches. The methods can generally be classified as follows: quantitative structure-activity relationship-based (QSAR), molecular similarity-based (MS), or target structure-based (docking) approaches. QSAR and MS methods compare physicochemical properties and structural features of known active and inactive compounds to predict the activities of novel molecules. Docking methods predict 3-dimensional structures of target-ligand complexes and employ scoring functions that capture various physicochemical interactions such as electrostatics to rank the docked compounds and identify potentially active ones. Of the submissions, about 50% used only QSAR or MS techniques, 10% used only docking methods, and 40% used some combination of both.
The basic task of the judges was to evaluate the performance of each of the computational predictions on the test set compounds. However, after obtaining the test set screening data and the submissions, 3 complications emerged. First, although 96 test set compounds were considered active in the primary screen (defined as 75% or less residual enzymatic activity for the average of the replicates), including several compounds that showed partial-dose response, follow-up experiments failed to confirm that any of these compounds were competitive inhibitors, suggesting that all these putative hits might function by different mechanisms such as allosteric binding. Also, as noted in the accompanying experimental article, preliminary data indicated that at least some of the test set inhibitors were nonspecific aggregators. 13 However, because none of the training set and only a small subset of the test set compounds have been evaluated, we could not incorporate this information into the judging. Finally, some of the computational groups ranked the entire library, whereas others only submitted their predicted actives, making sophisticated data analysis unproductive.
The judges decided to use a simple enrichment test based on the predicted and reported inhibition levels. The 96 "active" test set compounds were used to determine relative enrichment values. Each group was evaluated for the ability to correctly identify actives in the top 1% (500 compounds) and the top 5% (2500 compounds) of the ranked list (Table 1) . Although more sophisticated evaluation schemes could have been applied, the absence of confirmed competitive inhibitors in the test set, as well as the variability of the submissions, made such refinement impractical.
Interestingly, in addition to ranking compounds, several of the entrants commented on what they perceived as major differences between the training set and the test set. Specifically, these groups noted either that the 2 libraries showed significant chemical differences, or they predicted that the test set would perform worse in the experimental screen than the training set. We feel these groups deserve special recognition because they considered the overall experiment and reached conclusions that would have had a substantial impact in a drug discovery setting.
IMPLICATIONS FOR EXPERIMENTAL DESIGN
Because this competition was aimed at assessing the utility of various computational methods, the optimal experimental data would include concentration data (ideally, K i s) and experimental structures of representative protein-ligand complexes. Prediction of actual binding affinities and, for docking, of the binding geometries would be more stringent measures of computational methods. Although this level of effort is often expended for structure-based design projects in industry, it is impractical for early stage screening involving large libraries. Nevertheless, because it is desirable that experimental screening data are as accurate as possible, the basic assays need to show statistical reproducibility with low standard deviations. This level of data would also facilitate analysis of the false-positive and false-negative rates in the computational predictions. Finally, in analyzing the experimental data for this particular screen, the definition of "active" compounds was statistically different for the test set as compared to the training set because the experimental values had a different distribution. To be fair to the competitors, the cutoff between "active" and "inactive" should have remained constant regardless of the composition of the library.
IMPLICATIONS FOR COMPUTATIONAL METHODS
In general, no group predicted more than 15% of the apparent inhibitors in the test set, and the best group showed a nominal enrichment of only 2-fold. A contributing factor to such low success rates may have been the decision to design the test set library to be structurally divergent from the training set library. In particular, the difference between the two may have presented a significant problem for QSAR and MS methods because these approaches rely on building predictive models from training set data that are transferable. An analogy would be if CASP offered a training set of proteins from a limited number of folding classes and a test set consisting only of proteins not in those classes.
Of course, another major complication was that the test set contained very few, if any, competitive DHFR inhibitors. However, in this case, a desirable computational result would have been the prediction of "no inhibitors" in the test set. In addition, we noted that many of the computational groups either did not consider or had no way to judge the absolute level of their scores, and thus they reported only the rank order. Extra credit was given to the 3 groups that noted the qualitative difference between the training and test sets. However, we suspect that an implicit assumption was made that there would be well-characterized inhibitors in the test set, which may also have influenced the reporting process. It is important to note that a screen that finds no useful inhibitors is often encountered in drug discovery programs, and the ability to make reliable negative predictions would have real utility in the design of primary screens. Regardless, in the context of blind predictions, the screening data situation was less than ideal.
RECOMMENDATIONS FOR FUTURE COMPETITIONS
We note that the choice of any specific target, library, or experimental design will affect the outcome of the overall contest. However, for competitions of this type to be useful to the community, it should address recognized needs. As stated above, this first experience brought to light several important issues. For example, the lack of competitive inhibitors made it extremely difficult to evaluate the predictive ability of the different methods. Prescreening a library of 100,000 compounds and then using it to create training and test sets based on equal distributions of experimental data and chemical properties would resolve this issue and also remove the bias against QSAR-and MS-type methods. This observation also points to the need for methods to identify those compounds for which a QSAR or MS model can be applied and for those that lie beyond the scope of the original training set, potentially through similarity-based methods, as suggested by Sheridan et al. 14 In addition to the small-molecule libraries, another area of improvement would be expanding the number and variety of targets screened. By presenting at least 2 unrelated targets and evaluating predictions based on both sets of rankings, any bias introduced by the characteristics of a particular binding site (i.e., hydrophobic, polar, highly charged, critical hydrogen bond, etc.) can be reduced. To further challenge the capabilities of the prediction methods, it would also be useful to present 2 targets from the same protein family. This type of test would make it possible to evaluate the ability of the computational methods to discriminate between selective inhibitors. Conversely, it may be useful to present systems in which the target structure is unknown, but could perhaps be modeled, to test the ability of docking algorithms to deal with this equally real type of screening situation.
CONCLUSIONS
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